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Abstract Research does not indicate a consensus on the relationship between idiosyncratic vola-
tility and asset returns. Moreover, the role of cross sectional higher order moments in predict-
ing market returns is relatively unexplored. We show that the cross sectional volatility measure
suggested by Garcia et al. is highly correlated with alternative measures of idiosyncratic vola-
tility constructed as variance of errors from the capital asset pricing model and the Fama French
model. We ﬁnd that cross sectional moments help in predicting aggregate market returns in some
sample countries and also provide information for portfolio formation, which is more consistent
for portfolios sorted on sensitivity to cross sectional skewness.
© 2016 Production and hosting by Elsevier Ltd on behalf of Indian Institute of Management
Bangalore. This is an open access article under the CC BY-NC-ND license (http://
creativecommons.org/licenses/by-nc-nd/4.0/).
Introduction
Financial markets have witnessed an upward trend in vola-
tility over the past years. Unsystematic volatility (also re-
ferred to as idiosyncratic volatility), which is the volatility
speciﬁc to an individual company, is a much researched
subject. Campbell, Lettau, Malkiel, and Xu (2001) point out
some of the reasons for increasing idiosyncratic risk, an im-
portant one being the increase in the variance of cash ﬂow
shocks due to the breakup of conglomerates into smaller, fo-
cussed companies. In other words, well diversiﬁed conglom-
erates are now replaced by separate ﬁrms with their
idiosyncratic risks measured separately. Another possible
reason suggested by Campbell et al. (2001) is of companies
entering stock markets in the early stages of their life cycle
when their proﬁtability and long term outlook is uncertain.
Increasing popularity of stock options as a mode of compen-
sating key personnel has also led to the involvement of ﬁrms
in risky activities. Volatility of equity cash ﬂows is also af-
fected by leverage. A higher degree of leverage makes the
returns of stockholders highly volatile. Increasing volatility
can also be attributed to the growing number of specula-
tors in the derivatives market.
There has been a lot of debate on the role of idiosyn-
cratic risk in explaining the cross sectional variation in stock
returns. The capital asset pricing model (CAPM) of Sharpe
(1964), Lintner (1965) and Black (1972) postulates that the
expected excess stock returns are directly proportional to their
beta factor. The higher the beta factor, higher is the sys-
tematic risk as well as the expected excess stock returns. In
other words, investors are compensated only for bearing sys-
tematic market risk. This is because they are expected to hold
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the market portfolio where idiosyncratic risk is completely
diversiﬁed away. So an investor will be compensated only for
assuming non diversiﬁable risk. But in the real world, it has
been observed that most investors do not hold a well-
diversiﬁed market portfolio because of lack of complete in-
formation, transaction costs, liquidity requirements, taxes,
and so on. Therefore, investors demand a premium for im-
perfect diversiﬁcation. Accordingly, many researchers have
worked on the importance of idiosyncratic volatility in asset
pricing.
Some studies have discovered a positive relationship
between idiosyncratic risk and expected returns. Goyal and
Santa-Clara (2003) documented a direct relationship between
idiosyncratic risk and market return. Whereas Bali, Cakici,
Yan, and Zhang (2005) found that the positive relation is not
in evidence if the sample period is extended. Malkiel and Xu
(2006) and Fu (2009) also gave a positive relationship between
idiosyncratic risk and expected returns. But a study by Ang,
Hodrick, Xing, and Zhang (2006) found that the stocks with
high idiosyncratic volatility have abysmally low returns. The
study by Wei and Zhang (2005), on the contrary, showed that
idiosyncratic volatility does not matter in explaining stock
returns. So an important question that still remains unan-
swered is whether idiosyncratic risk is priced or not.
An important issue in various research studies is the mea-
surement of idiosyncratic volatility. Most of the studies use
the variance of error terms of standard asset pricing models
like CAPM and the Fama French (FF) model to proxy idiosyn-
cratic risk. This is the approach used by Ang et al. (2006) and
Bekaert, Hodrick, and Zhang (2008). But this measure has a
drawback in terms of the frequency for which it can be ob-
tained. In other words, this measure fails to give a daily series
of idiosyncratic risks unless one uses high frequency intra-
day data, which poses several estimation problems. More-
over this measure is model based and hence inﬂuenced by the
estimated parameters of the speciﬁc model.
In this study, we use cross sectional variance of stock
returns as a measure of idiosyncratic risk as suggested by Goyal
and Santa-Clara (2003), and Garcia, Garcia and Martellini
(2011). This measure has an advantage as it can be mea-
sured for any observation frequency, and does not require the
estimation of other parameters, making it model free. Another
contribution of this paper is that it evaluates the role of cross
sectional higher order moments in predicting aggregate market
returns. We also employ cross sectional higher order moments
along with cross sectional variance for portfolio formation and
assess if the excess returns on these portfolios can be ex-
plained by standard risk models. These areas are relatively
unexplored in the existing ﬁnance literature. This study makes
an attempt to ﬁll these important research gaps using select
emerging markets. The research covers BRIICKS economies
(Brazil, Russia, India, Indonesia, China, South Korea, and South
Africa), a variation of the more popularly understood BRICS
(Brazil, Russia, India, China and South Africa), as we also
include three fast emerging economies, i.e., South Africa,
South Korea, and Indonesia in our study. The selected emerg-
ing market basket represents the world’s major emerging
economies. The economic scenario, the regulatory environ-
ment and the market microstructure issues vary across these
markets. Therefore, these economies cannot be considered
as a single market and it is important to study them sepa-
rately. These markets currently play an important role in
global trade and are keenly followed by international fund
managers for risk diversiﬁcation purposes.1
The objectives of the study are:
• To estimate non-model and model based measures of id-
iosyncratic risk and check their degree of association.
• To assess the return predictability power of cross sec-
tional variance (CSV) and higher order moments, i.e., cross
sectional skewness (CSS) and cross sectional kurtosis(CSK).
• To investigate if more proﬁtable portfolios can be formed
by using the information contained in the cross sectional
higher order moments vis-a-vis cross sectional variance.
• To check whether the returns on these portfolios can be
explained by asset pricing models like CAPM and the FF
model.
The paper is organised as follows. The second section gives
a brief review of the literature and the third section indi-
cates the testable hypotheses. In the fourth section, we de-
scribe our data and their sources. The ﬁfth section discusses
the methodology used and the sixth section covers the em-
pirical results. The last section contains the summary and the
concluding remarks.
Review of literature
Goyal and Santa-Clara (2003) established a relationship
between idiosyncratic risk and market return. They used CRSP
stock market data for all the stocks with valid return and
market capitalisation data. The sample period for their study
was from July 1962 to December 1999. They found that the
market return was positively related to the lagged average
stock variance. Variance of the market, on the other hand,
did not have predictive power for the market return. Average
stock variance was calculated every month as the equally
weighted cross-sectional average of the variances of the stocks
traded in that month. They interpreted their measure of id-
iosyncratic risk as a measure of heterogeneity across the stocks
or as the cross sectional dispersion of stock returns without
establishing any formal relationship between the two mea-
sures. Their results are robust to the macroeconomic vari-
ables that predict stock market returns.
Drew, Naughton, and Veeraraghavan (2004) investigated
the role of idiosyncratic volatility in asset pricing on the Shang-
hai Stock Exchange (SSE) by employing the mimicking port-
folio approach of Fama and French. They used the monthly
stock returns and market values of all ﬁrms listed on the SSE
for the sample period running from December 1993 to De-
cember 2000. They used a multifactor model wherein they
studied the relationship between the expected portfolio return
and market factor, size factor, and idiosyncratic volatility.
They found that small and low idiosyncratic volatility stocks
yield higher returns. While the size premium is in confor-
mity with the existing literature, the negative relationship
between idiosyncratic volatility and returns has been termed
as irrational (Drew et al., 2004).
Wei and Zhang (2005) re-examined the results of Goyal and
Santa-Clara (2003) and found that the direct relationship
between the equal weighted average stock variance and the
1 Errunza and Padmanabhan (1988); Harvey (1993).
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value weighted average returns was driven by the 1990s return
data, as the relationship became insigniﬁcant if the data for
1990s was excluded. They demonstrated that the cross sec-
tional relationship between returns and lagged idiosyn-
cratic volatility is insigniﬁcantly negative and therefore,
idiosyncratic risk does not matter in predicting stock returns.
Bali et al. (2005) replicated Goyal and Santa-Clara (2003)
for the sample period running from 1963 to 1999. They found
that the direct relationship between the equal weighted
average stock variance and the value weighted portfolio
returns on the Nasdaq/American Stock Exchange (AMEX)/
New York Stock Exchange (NYSE) stocks as documented by
Goyal and Santa-Clara is not in evidence if the sample period
is extended to 2001. They further found that the results of
Goyal and Santa-Clara were driven by liquidity premium and
small stocks.
Malkiel and Xu (2006) argued that the investors, in most
cases, were not in a position to hold the market portfolio and
therefore idiosyncratic risk should also be priced. Working on
the U.S. securities and a sample of Japanese stocks for the
sample period 1975 to 2000, they found that idiosyncratic vola-
tility plays a very important role in explaining the cross section
of expected returns. Further, they demonstrated that the size
factor and beta play a less important role as compared to id-
iosyncratic volatility in explaining returns.
Ang et al. (2006) investigated how aggregate market vola-
tility and idiosyncratic volatility are priced in the cross section
of stock returns. Their sample period ran from January 1986
to December 2000 for all stocks on AMEX, Nasdaq and NYSE.
Their results showed that stocks with high exposure to changes
in the aggregate volatility earned low returns while stocks with
high idiosyncratic volatility earned extremely low returns. Id-
iosyncratic volatility was measured as the variance of residu-
als obtained from the Fama French model. The extremely low
returns of high idiosyncratic volatility stocks could not be ex-
plained by exposure to aggregate volatility risk. They la-
belled their results on idiosyncratic volatility as puzzling.
Angelidis and Tessaromatis (2008) examined the predic-
tive power of idiosyncratic volatility for future stock market
returns in the UK stock market. Their sample included all the
listed stocks on the London Stock Exchange from 31st De-
cember, 1979, to 30th September, 2003. They used three mea-
sures of idiosyncratic volatility: one based on all the sample
stocks, the second based on 80% of the largest sample stocks,
and the third based on 20% of the smallest sample stocks. They
found that the relevant variable of interest was idiosyn-
cratic volatility of small capitalisation stocks as it mattered
in asset pricing and predicted the small capitalisation
premium.
Chang, Christoffersen, and Jacobs (2009) examined the
effects of market volatility, skewness and kurtosis on the cross-
section of stock returns. They used the stock prices re-
ported in the CRSP NYSE/AMEX/Nasdaq daily stock ﬁle. The
sample period of their study was from 1996 to 2005. The
authors used option implied moments of the S&P 500 index.
Moments of the market return were estimated using the
model-free methodology proposed by Bakshi, Kapadia, and
Madan (2003). They tested whether the effect of market vola-
tility risk persisted even after taking into account the market
skewness and kurtosis. They estimated sensitivity of stock
returns to innovations in market volatility. For this, they used
three speciﬁcations. In the ﬁrst speciﬁcation, they only used
control for exposure to excess market return. In the second
speciﬁcation, they used control for exposure to excess market
return as well as innovations in market skewness. The third
speciﬁcation used controls for exposure to excess market
return, innovations in market skewness and innovations in
market kurtosis. Portfolios were sorted on the basis of sen-
sitivity to innovations in market volatility. They also ran re-
gressions to estimate sensitivity to innovations in market
skewness and kurtosis. Their results indicated that stocks with
high sensitivity to innovations in market volatility or skew-
ness exhibit low returns whereas stocks with high sensitiv-
ity to innovations in market kurtosis exhibit high returns.
Further, the result on the negative price of market skew-
ness was muchmore robust compared to those on market vola-
tility or market kurtosis.
Kapadia (2009) tested the hypothesis that skewness is re-
sponsible for the low subsequent returns of stocks with high
idiosyncratic volatility. He used data for the U.S. listed stocks
for the sample period running from 1963 to 2005. Idiosyn-
cratic volatility was calculated as the variance of residuals
from the Fama and French three factor model. Skewness was
estimated using three different measures. The ﬁrst measure
was the cross-sectional skewness across monthly returns of
all the stocks. The second measure was breadth, i.e., the dif-
ference between the equal-weighted mean and median
monthly return across all stocks. The third measure was the
average time-series skewness computed using daily stock
returns within each month. The author regressed each stock’s
return on the market return and the cross-sectional skew-
ness of all the stocks. Stocks were sorted into ﬁve portfolios
on the basis of their sensitivity to cross-sectional skewness.
Gross returns, CAPM alphas, three-factor, and four-factor
alphas were computed for the quintiles. Stocks with high cross-
sectional skewness betas had low expected returns. Results
indicated that there was a large difference in the returns on
portfolios comprising ﬁrms with high and low sensitivities to
cross-sectional skewness. Further, sorting on the basis of sen-
sitivity to cross-sectional skewness created dispersion in
returns that could not be explained by the four-factor model.
Fu (2009) demonstrated that idiosyncratic volatility is time
varying and therefore one month lagged idiosyncratic vola-
tilities should not be used to predict expected returns as sug-
gested by Ang et al. (2006). The paper used the exponential
generalised autoregressive conditional heteroskedastic
(EGARCH) model for computing expected idiosyncratic vola-
tilities and found a direct relationship between expected
returns and idiosyncratic volatility. This is in line with the ar-
gument that investors demand compensation for imperfect
diversiﬁcation. The paper further showed that the results of
Ang et al. (2006) were driven by a subset of small stocks. These
stocks gave high returns in the months when idiosyncratic vola-
tility was high and these high returns reversed in the follow-
ing month.
Huang (2009) studied the cross sectional relationship
between historical cash ﬂow volatility and ex post stock
returns. Their sample covered all listed ﬁrms on NYSE, Nasdaq
and AMEX for a sample period from 1973 to 2004. They used
two proxies of cash ﬂow volatility: standard deviation of cash
ﬂow to sales and standard deviation of cash ﬂow to book
equity. They found that the least volatile portfolio gave higher
returns. Further there was a positive association between
idiosyncratic return volatility and cash ﬂow volatility and
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therefore the study contributed to the literature document-
ing a negative relationship between volatility and stock
returns.
Amaya, Christoffersen, Jacobs, and Vasquez (2011) studied
the relationship between higher order moments and future
stock returns. They used intraday as well as daily data for all
stocks listed on the NYSE, AMEX, Nasdaq National Market
System and Small Cap issues from January 1993 to Septem-
ber 2008. Using intraday log returns for each ﬁrm, they com-
puted daily realised variance, skewness and kurtosis. Daily
realised moments were then converted to weekly realised
moments and stocks were sorted into deciles on the basis of
their weekly realised moments. Equally weighted and value
weighted returns were then computed for every decile for
the following week. Their results revealed that (i) there is
no signiﬁcant relationship between realised volatility and
future stock returns, (ii) there is a signiﬁcant negative rela-
tionship between realised skewness and the subsequent week’s
stock returns, and (iii) there is a strong positive relation
between realised kurtosis and the next week’s stock returns.
They further investigated the relation between future returns
and realised moments. They found through regression analy-
sis and double sorting that the predictive power of realised
skewness was robust to controlling for various ﬁrm charac-
teristics. Regression analysis reported similar results for
realised kurtosis. But, when double sorting was used, the fore-
casting ability of realised kurtosis weakened.
Garcia, Mantilla and Martellini (2011) studied idiosyn-
cratic volatility from a new perspective. They worked on the
daily U.S. stock returns for the sample period running from
July 1963 to December 2006. Their paper suggests cross sec-
tional variance of stock returns as a good proxy for average
idiosyncratic risk obtained from the CAPM or the FF model.
Using cross sectional dispersion of stock returns offers two
main advantages. One, this measure can be easily calcu-
lated at any frequencywhich helped the researchers compute
daily idiosyncratic risk and test its predictability power for
future market returns. Second, this measure can be ob-
tainedwithout using any asset pricingmodel. The authors com-
pared their CSV measure to the traditional measures of
idiosyncratic risk and found high correlations between equally
weighted CSV and the CAPM and FF based measures of idio-
syncratic volatility. They suggested using equally weighted
CSV as the measure of average idiosyncratic risk instead of a
market-cap weighted CSV and demonstrated that it is a good
predictor of equally weightedmarket return. Another feature
of this CSV measure is that it can be conveniently extended
to higher ordermoments. This helped them demonstrate how
well skewness canpredictmarket returns. Thepaper also shows
that the cross sectional dispersion measure exhibits reason-
able correlation withmany economic and ﬁnancial variables.
Sehgal, Garg, and Deisting (2012) examined the relation-
ship between cross sectional volatility and stock returns for
India in two parts. Their sample period ran from December
1993 to June 2010 for the 493 companies that formed part
of Bombay Stock Exchange (BSE) 500 index. In the ﬁrst part
of their study they used French, Schwert, and Stambaugh
(1987) to construct systematic volatility measure and formed
portfolios using this measure. They found that high system-
atic volatility portfolio gives high returns. In the second part
they constructed the unsystematic volatility portfolios where
the volatility measure is the variance of residuals obtained
from CAPM. Their results show that high unsystematic vola-
tility portfolio gives high returns, which is in line with the ar-
gument that investors demand higher returns to compensate
for imperfect diversiﬁcation. They further regressed the
returns on portfolios on the market factor and the FF factors
and found that the FF model is able to explain the returns
on the unsystematic volatility sorted portfolios.
In sum, there is no consensus on the observed direction
of the relationship between idiosyncratic volatility and asset
returns in prior empirical literature. Further the role of cross
sectional higher order moments in predicting returns as well
as forming proﬁtable portfolio strategies is relatively unex-
plored. Moreover literature has focussed mainly on mature
markets. The present study attempts to ﬁll these important
research gaps using emerging market data.
Testable hypotheses
The present study attempts to test the following hypotheses:
• The non-model and model based measures of unsystem-
atic volatility are highly correlated.
• Cross-sectional variance has return predictability power.
• Cross-sectional skewness is able to predict future market
returns.
• Cross-sectional kurtosis plays a role in determining future
market returns.
• More proﬁtable portfolios can be constructed by using the
information contained in cross-sectional skewness vis-a-
vis cross-sectional variance.
• More proﬁtable portfolios can be constructed based on in-
formational content of cross-sectional kurtosis compared
to cross-sectional variance.
• Returns on portfolios sorted on exposure to cross-sectional
moments are not explained by the CAPM.
• The FF model is not able to explain fully the returns on port-
folios sorted on exposure to cross-sectional moments.
Data
The data have been extracted from Thomson Reuters
Datastream. Table 1 gives the list of countries studied as well
as the sample period, the number of stocks and the market
proxy for the various countries.
The sample period is different for the various countries
because of the paucity of data. The selected stocks account
for a major portion of the market capitalisation as well as the
trading activity on the stock exchanges where they are listed.
The data for sample companies for different countries have
been obtained in terms of U.S. dollars. This facilitates the
comparison of results across different markets. The study uses
the daily adjusted share prices.2 The daily prices have been
converted to percentage returns for further analysis. Annual
market capitalisation (price times number of shares out-
standing) and price to book value ratios (i.e., the inverse of
book to market value ratio) have been used to construct size
and value factor for each country. The implicit yield on three
2 Adjustments have been made for stock dividends, stock splits and
rights issues.
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months U.S. Treasury bill rate has been used as a proxy for
risk free return. An economic snapshot of the sample coun-
tries for the year 2011 is given in Table 2.
Methodology
The estimation process involves three phases. In phase I, we
construct cross sectional variance as the new measure of id-
iosyncratic volatility. The next phase involves evaluating the
power of cross sectional variance and the higher order cross
sectional moments in predicting one period ahead market
returns using both daily as well as monthly data. In the last
phase, portfolios have been formed on the basis of cross sec-
tional variance and higher order cross sectional moments.
Further, we test if standard asset pricing models can explain
these portfolio returns.
Idiosyncratic volatility has been measured in different ways
by different researchers. We use cross sectional variance of
stock returns as a measure of idiosyncratic risk as suggested
by Goyal and Santa-Clara (2003) and Garcia, Garcia, and
Martellini (2011).Cross sectional variance is a good proxy for
average idiosyncratic risk provided we assume homoge-
neous betas and residual variances across stocks. Further as-
suming that the single index model is valid, return on a stock
is driven by market return and ﬁrm speciﬁc shock. Average
stock variance is taken as proxy for total risk while variance
of market return is computed to proxy systematic risk (as-
suming beta for each stock is one). Here, market return is
calculated using an equally weighted portfolio. Total risk
less systematic risk gives average idiosyncratic risk, which is
mathematically equivalent to cross sectional variance. Hence,
cross sectional variance can be used to proxy average
idiosyncratic risk. Relaxing homogeneous beta and speciﬁc
Table 1 List of countries studied, sample period, number of stocks and market proxy.
Country Sample period Number
of stocks
Market proxy (construction methodology)
Brazil January 1994 to
December 2011
195 BOVESPA Index
(It is constructed with 1968 as the base year and 100 as the base value where
securities are weighted by the market value of their free ﬂoat.)
Russia July 2005 to
December 2011
266 RTS Index
(It is a free ﬂoat capitalisation weighted index of 50 most liquid Russian stocks. It
was launched in 1995 with 100 as the base value.)
India July 1994 to
December 2011
500 BSE-200 Index
(It is a free ﬂoat market capitalisation index with 1989–1990 as the base year.)
China February 1993 to
December 2011
599 Shanghai Stock Exchange A-Share Index
(It is a capitalisation weighted index that tracks the price movements of all
A-shares that are restricted to local investors and qualiﬁed institutional foreign
investors. The index was developed in December 1990 with a base value of 100.)
South Africa August 1995 to
December 2011
238 FTSE/JSE Africa All Share Index
(It is a free ﬂoat market capitalisation weighted index, which includes the top 99%
of all the listed companies on the Johannesburg Stock Exchange.)
Indonesia January 1994 to
December 2011
443 Jakarta Stock Exchange Composite Index
(It is a modiﬁed capitalisation weighted index that was developed in 1982. It
includes all stocks listed on the Indonesia Stock Exchange.)
South Korea February 1993 to
December 2011
500 South Korea Stock Exchange KOSPI Index
(It is a market capitalisation weighted index that was developed with a base value
of 100 as on January 4, 1980. It includes all common stocks traded on the South
Korea Stock Exchange.)
Source for construction methodology of indices (market proxy) is www.bloomberg.com.
Table 2 Economic snapshot of sample countries for the year 2011.
Country GDP per capita
(current US $)
Inﬂation
(%)
Unemployment rate
(ILO estimate) (%)
Market capitalisation of
listed companies (% of GDP)
Stocks traded, total
value (% of GDP)
Brazil 12,576 6.6 6.7 49.6 38.8
China 5,447 5.4 4.3 46.3 104.8
India 1,540 8.9 3.4 54.0 39.4
Indonesia 3,470 5.4 6.6 46.1 16.5
South Korea 24,156 4.0 3.4 82.7 169.1
Russia 13,324 8.4 6.5 41.8 60.2
South Africa 7,831 5.3 24.7 129.5 92.1
Source: http://data.worldbank.org/; ILO: International Labour Organisation.
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variance assumption introduces a bias that can be easily cor-
rected by using an equally weighted scheme for an increas-
ingly large number of stocks (for detailed proof, see Goyal
& Santa-Clara, 2003; Garcia et al., 2011).
Cross sectional variance is calculated as follows:
CSV w r rt it it ti
Nt
= −( )
=
∑ 21 1
where Nt is the total number of stocks on day t, rit denotes
stock return, wit is the weight assigned to individual stocks
and rt denotes average return calculated as:
r w rt it iti
Nt
=
=
∑ 1 2
There can be two possible versions of CSV, i.e., equally
weighted CSV and market capitalisation weighted CSV. But
the bias and variance of CSV is minimised for the equally
weighted version. For the equally weighted version, as the
number of stocks approaches inﬁnity, bias tends to recede
and variance comes closer to zero (see Garcia et al., 2011).
Therefore, in this study, we focus on equally weighted CSV.
The main advantages of this measure are that it can be easily
calculated at any frequency, and that it does not require cal-
culation of parameters of any asset pricing model. In other
words, this measure is free from parametric biases. We check
the robustness of our idiosyncratic volatility measure by ﬁnding
its correlation with alternative measures constructed as vari-
ance of errors from the CAPM and the FF three factor model.
We then check the predictive power of cross sectional vari-
ance for average market returns. For this, the following re-
gression is used:
R CSVm t t t+ +( ) = + +1 1 1α β ε 3
where Rm(t+1) is average market return at time t+1,CSV t is cross
sectional variance at time t, ε t+1 is error term and α, β1 are
estimated parameters. The regression (equation 3) has been
estimated for daily as well as monthly data. Accordingly, daily
as well as monthly CSV is calculated. The above regression
is run for two forms of average market return: equally
weighted return and market capitalisation weighted return.
Return on market index is used directly as the market
capitalisation weighted average return while the simple
average of all individual stock returns is used as equally
weighted market return. Prior research shows strong and
stable relationship between equally weighted idiosyncratic
volatility and equally weighted average market return, while
in the cases where return on market index was used, the
results were primarily driven by small stocks and hence failed
to hold in the period when an economic event adversely im-
pacted these small stocks (Bali et al., 2005; Garcia et al.,
2011). Therefore for further analysis we focus only on equally
weighted market return.
Next we check the role of higher order cross sectional
moments in predicting market returns. Provided there are em-
pirical departures from normality in case of sample return dis-
tributions and/or if investor behaviour (reﬂected by utility
functions) is more complex than envisaged, the higher order
moments may play an important role in predicting average
returns. We construct daily as well as monthly measures of
cross sectional skewness and kurtosis by using daily/monthly
return data for the sample companies in each country. Cross
sectional skewness and cross sectional kurtosis (CSK) is cal-
culated as follows:
CSS
n
n n
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it t
=
−( ) −( )
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where n is the total number of stocks at time t, rit denotes
stock return, rt is average return and s denotes standard de-
viation of stock returns at time t. To check the additional role
of CSS and CSK in explaining market returns, we regress the
returns on market on the three cross sectional moments in
the form:
R CSV CSS CSKm t t t t t+ +( ) = + + + +1 1 2 3 1α β β β ε 5
where CSS t is cross sectional skewness at time t, CSK t is cross
sectional kurtosis at time t. β2 and β3 are sensitivity coefﬁ-
cients while other terms in equation (5) have the same
meaning as in equation (3). Wherever high correlations were
observed between CSV, CSS, and CSK, variables have been
transformed3 to avoid multicollinearity problems. We then use
our bivariate and multivariate results to draw conclusions
about the predictive power of cross sectional variance and
higher order cross sectional moments.
In the last phase of our analysis we check if information
contained in CSV, CSS, and CSK is useful for portfolio con-
struction. For portfolio formation, we run the following re-
gression for all the sample stocks (in each country) that have
at least 14 values of daily stock returns in a particular month:
R R CSVit ft t t− = + +α β ε1 6
Estimating the above equation for the ﬁrstmonth gives the
value of β1 for every stock. On the basis of β value, stocks are
sorted into eight portfolios. Portfolio 1 (henceforth referred
to as P1) comprises of stocks with highest beta and portfolio
8 (i.e., P8) consists of stocks with lowest beta values. For each
of these portfolios we estimate equally weighted returns for
month 2. Similarly, we estimate beta values for all stocks for
month 2, form eight portfolios and compute averagemonthly
returns for these portfolios for month 3. The procedure is re-
peated till we reach the end of our study period. Similarly
we form portfolios on the basis of β2 and β3 values calculated
using the following regressions and estimate onemonth ahead
returns on the constructed portfolios:
R R CSSit ft t t− = + + +α β ε2 1 7
3 Wherever independent variables x1 and x2 were found to be highly
correlated (correlation coefﬁcient greater than or equal to 50%), aux-
iliary regression was run taking x1 as the independent variable and
x2 as the dependent variable. The error term series obtained from
the auxiliary regression is the new independent variable series to be
used in place of independent variable x2 in the original regression
equation.
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R R CSKit ft t t− = + + +α β ε3 1 8
We then check if the returns on these portfolios can be
explained by standard asset pricing models. For this, we
regress the excess returns for the sample portfolios on the
excess market returns in the one factor CAPM framework which
is operationalised using the excess return version of the market
model as follows:
R R a b R R ept ft mt ft t−( ) −( )= + + 9
where (Rpt – Rft) is excess portfolio return, (Rmt – Rft) denotes
excess market return and a, b are the estimated param-
eters. The CAPM assumes a to be zero. But if a is signiﬁ-
cantly different from zero, it implies that CAPM fails to explain
the returns on these portfolios. Then, wemove on to the three
factor model given by Fama and French in 1993 (FF model)
to check if the unexplained returns can be captured by the
additional size and value factors as follows:
R R a b R R s SMB hLMH ept ft Mt Ft t t t−( ) −( )= + + + + 10
where SMBt and LMHt are size and value factors, s and h are
sensitivity coefﬁcients and the remaining terms have the same
meaning as explained for equation (9).Our FF model estima-
tion is different in two respects. First our FF regression uses
LMH factor instead of HML (high minus low) factor. Second
we perform 2*2 size-value partition in place of 2*3 size-
value partition4 used by Fama and French (1993).We esti-
mate the SMB and LMH factor as follows. In every year t the
stocks are divided into two groups Big (B) and Small (S) based
on their market capitalisation at the end of December of year
(t−1). Stocks with market capitalisation more than the median
value are categorised as Big and remaining are grouped as
Small. Similarly, the sample countries are divided into High
(H) and Low (L) groups on the basis of their price to book value
ratio (P/B). Four portfolios are constructed i.e. S/L, S/H, B/L,
B/H using the intersection of two size groups and two P/B
groups. Then we compute monthly equally weighted returns
for all portfolios from January to December of year t. The SMB
factor is constructed as the difference between the average
return of the two small size portfolios (S/L, S/H) and big size
portfolios (B/L, B/H). It is constructed in a manner which
makes it independent of the value factor:
SMB S L S H B L B H= + +( ) − ( )2 2 11
Similarly, LMH is constructed as follows:
LMH S L B L S H B H= + +( ) − ( )2 2 12
We ﬁnally conclude on the cross sectional moment that
provides us information for constructing better performing
portfolios, and whether the returns on these portfolios can
be explained by a risk story or by a behavioural explanation.
We also form triple sorted portfolios based on betas of CSV,
CSS, and CSK. The objective is to assess if the combined role
of cross sectional moments is greater than their standalone
role in the portfolio construction process. For this we use the
following regression for all the sample stocks that have at least
14 values of daily stock returns in a particular month:
R R CSV CSS CSKit ft t t t t− = + + + + +α β β β ε1 2 3 1 13
Estimating the above equation for the ﬁrst month gives the
value of β 1, β 2, and β 3 for every stock. On the basis of β 1
value we divide stocks into two groups, i.e., Small (S) and Big
(B). Small comprises stocks with lowest beta values and Big
consists of stocks with highest beta values. Similarly, stocks
are categorised into S and B on the basis of β2 and β 3 values.
Using the cross section of the pair of the β1, β 2, and β 3 groups
we form eight portfolios: SSS, SSB, SBS, BSS, BBB, BBS, BSB
and SBB. For each of these portfolios we estimate the equally
weighted returns for month 2. Similarly, we construct eight
portfolios for month 2 and compute average monthly return
on these eight portfolios for month 3. Portfolios are rebal-
anced for each sample month of the study period.
Finally we check if the returns on the triple sorted port-
folios can be explained by the CAPM and the FF model.
Empirical results
We calculate the equally weighted cross sectional variance
using equation 1 and report the correlations between CSV and
model based estimates of idiosyncratic risk in Table 3. The
correlation values are generally very high for almost all the
sample countries and they are especially stronger when id-
iosyncratic risk estimate based on the FF measure is in-
volved. South Africa is the only exception where the
correlation values, though statistically signiﬁcant are not as
high as in the case of other emerging countries. Therefore
we believe that CSV can be used as a proxy for idiosyncratic
risk. This is consistent with Garcia et al. (2011) where high
correlation values were reported for the U.S. market.
We use CSV for market prediction purposes, given its com-
putational advantage and the fact that it is bias free. Table 4
4 SMB and LMH have a signiﬁcant correlation of 0.7 with 2*3 parti-
tion. While the correlation value becomes 0.32 when we use 2*2
partition.
Table 3 Correlation coefﬁcients between model and non-
model based measures of idiosyncratic volatility.
We use two model based measures of idiosyncratic volatil-
ity: ﬁrst based on residuals from CAPM and second based on
residuals from the Fama French model. Non model based
measure of idiosyncratic volatility has been estimated on the
lines of Garcia et al. (2011). The Pearson’s correlation coef-
ﬁcients are estimated which are tested for signiﬁcance at 5%.
Country Correlation with
CAPM based
measure
Correlation with
Fama French
based measure
Brazil 0.9972 0.9953
China 0.6995 0.9798
India 0.6012 0.9781
Indonesia 0.9825 0.9241
South Korea 0.9329 0.8436
Russia 0.9999 0.7350
South Africa 0.6425 0.6327
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Table 4 Testing the role of cross sectional moments in predicting aggregate market returns.
In this exhibit, we check if CSV and higher order cross sectional moments i.e., CSS and CSK have any power in predicting aggre-
gate market returns. We perform the analysis for both daily as well as monthly data. Panels A to D provide the empirical results.
We report beta coefﬁcients to evaluate the role of cross sectional moment(s) in explaining returns, where β1, β2, and β3 are sen-
sitivity coefﬁcients for CSV, CSS, and CSK. respectively.
Panel A: Daily regression using CSV as the independent variable
Country β1
(t value)
Adjusted
R square
Brazil −0.0094 0.0000
(−0.1522)
China 0.0000 0.0000
(0.1808)
India 1.6172 0.0042
(4.2617)
Indonesia 0.8600 0.0109
(6.9525)
South Korea 0.4667 0.0019
(3.1206)
Russia −0.0175 0.0002
(−0.5720)
South Africa 0.0060 0.0001
(0.3625)
Panel B: Monthly regression using CSV as the independent variable.
Country β1
(t value)
Adjusted
R square
Brazil 0.1034 0.0029
(0.7714)
China 0.3919 0.0055
(1.1053)
India −0.0844 0.0001
(−0.1570)
Indonesia 0.5917 0.0649
(3.8251)
South Korea 0.2505 0.0065
(1.2208)
Russia 0.6246 0.0698
(2.4354)
South Africa −0.1365 0.0100
(−1.4169)
Panel C: Daily regression using CSV, CSS and CSK as independent variables
Country β1
(t value)
β2
(t value)
β3
(t value)
Adjusted
R square
Brazil .0020 −0.0000 −0.0000 0.0001
(0.0296) (−0.1147) (−0.4839)
China −0.0000 0.0009 −0.0000 0.0024
(−0.3344) (3.2241) (−0.5996)
India 1.8350 0.0011 −0.0002 0.0172
(4.5425) (5.5637) (−4.8405)
Indonesia 0.8536 0.0003 −0.0001 0.0114
(6.8641) (0.9680) (−1.4571)
South Korea 0.5311 −0.0002 0.0001 0.0029
(3.1560) (−0.8341) (1.9952)
Russia −0.0221 0.0003 −0.0000 0.0011
(−0.7138) (1.1570) (−0.1409)
South Africa 0.0022 −0.0000 0.0002 0.0025
(0.2135) (−0.6696) (3.0609)
Panel D: Monthly regression using CSV, CSS and CSK as independent variables
Country β1
(t value)
β2
(t value)
β3
(t value)
Adjusted
R square
Brazil 0.1039 0.0239 0.0028 0.0249
(0.7802) (2.1180) (1.7744)
China 0.3260 0.0103 −0.0039 0.0435
(0.9099) (1.2166) (−2.6953)
India −0.3927 0.0077 0.0008 0.0085
(−0.6383) (1.1652) (0.5834)
Indonesia 0.6063 −0.0048 −0.0019 0.0754
(3.7422) (−0.7557) (−1.3250)
South Korea 0.3309 −0.0020 0.0007 0.0129
(1.5078) (−0.5971) (1.0887)
Russia 0.6264 −0.0072 −0.0032 0.1189
(2.4771) (−0.3148) (−1.3370)
South Africa −0.1362 0.0093 0.0006 0.0156
(−1.4114) (0.9818) (0.6209)
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(panels A and B) reports the results of regression using equa-
tion (3) employed to assess the predictability of cross sec-
tional variance for average market returns.5 Running the daily
regression shows that CSV is signiﬁcantly positively related
to equally weighted market returns (one period ahead) for
India, Indonesia, and South Korea. However CSV does not seem
to predict aggregate market returns in the case of China,
South Africa, Brazil, and Russia. For monthly regression
the results are not as strong as they are for the daily series.
The results show that CSV plays a signiﬁcant predictive role
(a positive relationship) only in the case of Indonesia and
Russia. Thus cross sectional variance is able to predict market
returns (as shown by Garcia et al., 2011) only in some sample
countries and the ﬁndings are stronger for higher frequency
data.
Next we examine the power of higher order moments in
predicting market returns by estimating equation (5). The re-
gression results are reported in Table 4 (panels C and D). Based
on daily data we ﬁnd that CSS in China, CSK in South Korea
and South Africa, and both CSS and CSK for India are impor-
tant in forecasting market returns. Further the relationship
between CSS and returns as well as CSK and returns are posi-
tive except in the case of India where CSK is negatively related
to the future returns. Thus, in general, higher order moments
do have a role in predicting returns and the relationship is
normally positive. Our ﬁndings relating to return predictabil-
ity based on CSV and higher order moments vary across sample
emerging markets. This may be an outcome of difference in
investor behaviour across these markets. For example, in-
vestors in Brazil and Russia seem to exhibit speculative
behaviour as they focus only on returns and ignore the second
and higher order moments for decision making purposes. While
Chinese investors price cross sectional asymmetries, the South
African investors perceive cross sectional outliers as risk source
that affects the next period returns. Investors in Indonesia
pay attention only to cross sectional variance while those in
South Korea give attention to cross sectional variance and cross
sectional kurtosis. The Indian investors seem to account for
second and other cross sectional higher moments in the return
generating process. Thus, investors in sample countries exhibit
different attitude towards risk, which is reﬂected by the role
of diverse moments in their investment decision making frame-
work. Further, irrational investor behaviour may also result
in equity market anomalies, which are dissimilar across these
markets (see Sehgal, Subramaniam, & Deisting, 2013). Our
results pose an empirical challenge which needs to be ex-
amined in future by performing behavioural experiments in
the sample markets. The results for higher order moments
are again weak as in the case of CSV when one uses monthly
data. Cross sectional skewness in the case of Brazil and CSK
for China do have power in predicting returns.
Thus, one can conclude that CSV contains information about
predicting market returns only for India, Indonesia, and South
Korea while similar results do not hold for other sample coun-
tries namely Brazil, China, Russia, and South Africa. There
is also a role of higher order moments in return predictions
in a subset of sample countries. Better return predictions can
be obtained on a daily basis based on the cross sectional
moments. The relationship between CSV and aggregate returns
is positive. This is consistent with the argument that in certain
cases investors do not hold completely diversiﬁed portfolios
and therefore demand a premium for imperfect diversiﬁca-
tion. The relationship between CSS and returns is also re-
ported to be positive. This means that a shock resulting in
an increase of the positive skewness of the cross sectional dis-
tribution of returns will lead to higher expected returns in
the next period. This can be explained by the mispricing ar-
gument, that is, if the expected returns are an outcome of
certain pricing anomalies (and not only systematic risk) which
are not fully captured by CSV, then higher order cross sec-
tional moments like CSS and CSK may play a role in return
prediction by proxying for omitted factors (see Garcia et al.,
2011). The relationship between CSK and aggregate returns
is also positive which is consistent with prior literature which
reports that investors demand a positive risk premium for ad-
ditional risk exposure owing to kurtosis.6
Our ﬁndings relating to return predictability based on CSV
and higher order moments vary across the sample emerging
markets. This may be the outcome of difference in investor
behaviour across these markets. For instance, investors exhibit
a different attitude towards risk, which is reﬂected by the
role of diverse moments in their investment decision making
framework. Irrational investor behaviour may also result in
equity market anomalies which are dissimilar across these
markets (see Sehgal et al., 2013).
In the ﬁnal phase of our study, we check if CSV, CSS, and
CSK contain any relevant information, which can be ex-
ploited by investors while constructing portfolios. For this we
form single sorted portfolios using equation (6), (7) and (8).
We also construct triple sorted portfolios using equation (13)
to assess if the combined role of cross sectional moments is
stronger than their standalone role in portfolio construc-
tion. Comparing the single sorted portfolios with triple sorted
portfolios we ﬁnd that there is not even one triple sorted port-
folio which yields a higher unadjusted return than a single
sorted portfolio. Therefore we focus only on single sorted port-
folios and no further analysis is done on triple sorted
portfolios.7
Table 5 (panel A) reports unadjusted returns for portfo-
lios formed on the basis of CSV factor loading calculated using
equation (6). There is no uniform relationship between port-
folio returns and beta values for sample countries. In the case
of Brazil, Indonesia, and Russia, portfolios with higher sen-
sitivity to CSV (i.e., P1 portfolios) provide higher returns. In
addition, the risk premium (return differential between P1
and P8) is statistically signiﬁcantly positive for these coun-
tries. In contrast, P1 portfolios provide lower returns vis-a-
vis P8 portfolios for China, South Korea, and South Africa.
Further, the risk premium is statistically signiﬁcantly nega-
tive for these countries, which is in contrast with the ﬁnd-
ings for the U.S. market (see Garcia et al., 2011). Portfolios
5 The predictability regressions for market capitalisation weighted
market returns proxied by return on value weighted market index,
show very weak results. Therefore, we focus only on the predict-
ability regressions for equally weighted market returns.
6 Amaya, Christoffersen, Jacobs and Vasquez 2011 ﬁnd a positive re-
lation between realised kurtosis and future stock returns. However
no direct evidence for cross sectional kurtosis is available.
7 Results for triple sorted portfolios have not been included here for
constraints of space.
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P1 and P8 report almost similar returns in India resulting in
an insigniﬁcant risk premium. Thus the relationship between
CSV sensitivity and portfolio returns is not consistent. Focus-
sing again on corner portfolios P1 and P8, i.e., assets with
the highest and lowest sensitivities to CSV we ﬁnd that CAPM
is able to explain returns on one out of three portfolios which
reported signiﬁcant unadjusted returns (Table 5, panel B).
The FF model explains the returns for one more portfolio
(Table 5, panel C). Portfolio P8 in the case of South Africa
seems to be the only asset pricing anomaly. In short, asset
pricing models satisfactorily explain the returns on CSV sorted
portfolios.
Table 6 (panel A) shows returns on portfolios constructed
on the basis of CSS coefﬁcient obtained using equation (7).
High beta portfolio gives high return in Brazil, China, India,
Indonesia, and South Africa, while low beta portfolio tends
to give higher returns in case of Russia. No return differen-
tial is reported for P1 and P8 for South Korea. Brazil, China,
India, and South Africa provide signiﬁcantly positive risk premia
at 5% level while Indonesia provides a weak, but positive risk
premium, which is signiﬁcant at 20% level. Signiﬁcantly nega-
tive risk premium is observed for Russia. One can clearly see
that the absolute value of risk premium is generally higher
for CSS sensitivity sorted portfolios vis-a-vis CSV sensitivity
sorted portfolios with the exception of Indonesia and South
Korea. Table 6 (panel B) shows that on risk adjusted basis,
CAPM is able to explain return on one out of three portfo-
lios that report signiﬁcantly positive unadjusted returns, i.e.,
P1 in case of Brazil, China, and South Africa. The FF model
explains returns on one additional portfolio (Table 6, panel
C). Portfolio P1 in case of South Africa is the only exception
to asset pricing.
Table 7 (panel A) reports unadjusted returns on portfo-
lios formed on the basis of CSK sensitivity coefﬁcients ob-
tained from equation (8). High beta portfolios give higher
return in the case of Brazil, China, India and South Korea. Risk
premium is also statistically signiﬁcantly positive for these
countries. In the case of Indonesia and South Africa, low beta
portfolios give high returns, but the risk premium is signiﬁ-
cantly negative only in the case of the latter. No signiﬁcant
premiums are reported for Russia. Further, one can see that
absolute risk premium is higher only in China, India, and South
Korea for CSK sensitivity sorted portfolios vis-a-vis CSV sen-
sitivity sorted portfolios. Comparing with CSS sensitivity sorted
portfolios, absolute risk premia are higher only in India and
South Korea. Further, CAPM explains returns on one out of
four portfolios that report signiﬁcantly positive unadjusted
return and FF is able to explain return on the remaining three
portfolios (Table 7, panels B and C).
The empirical results vary across markets, which may again
be owing to the differences in investor behaviour as stated
earlier. From the portfolio formation perspective, South Africa
provides the best long-short trading strategy based on CSS sen-
sitivity sorted security selection. A zero investment portfo-
lio that involves being long on P1 and short on P8 provides a
statistically signiﬁcant risk adjusted return in the FF frame-
work which is 1.8% per month (t statistic is 2.02). Approach-
ing markets from the long side, P1 sorted on CSS in case of
South Africa provides the highest risk adjusted return of 2.4%
per month (t statistic is 2.902), which is statistically signiﬁ-
cant in the FF framework. In sum, South Africa offers the best
investment opportunity in case of portfolios sorted on cross
Table 5 Empirical results for CSV sensitivity sorted portfolios.
We report results for the two corner portfolios, i.e., P1 and
P8, which are high and low sensitivity sorted portfolios. Panel
A reports mean unadjusted returns for the sample portfo-
lios. Panel B provides regression results where sample port-
folio returns are regressed on the market factor (CAPM
framework). In panel C we report regression results based on
the Fama French model. Returns on sample portfolios are re-
gressed on market, size, and value factors. Only alpha values
are reported in panels B and C. The alphas are measures of
abnormal returns.
Panel A: Unadjusted returns
Country P1 P8 P1-P8
Brazil 0.0270 0.0177 0.0093
(2.5020) (1.9132) (5.2589)
China 0.0116 0.0192 −0.0076
(1.3908) (1.5534) (−3.0805)
India 0.0131 0.0145 −0.0014
(1.4643) (1.9514) (−0.9882)
Indonesia 0.0363 0.0241 0.0122
(2.0358) (1.8175) (2.4106)
South Korea 0.0080 0.0118 −0.0038
(0.8889) (1.3980) (−2.3277)
Russia 0.0097 −0.0055 0.0152
(0.5369) (−0.3573) (4.6376)
South Africa 0.0126 0.0261 −0.0135
(1.8846) (3.6294) (−13.8338)
Panel B: CAPM alpha values
Country P1 P8
Brazil 0.0170 0.0078
(2.5527) (1.4811)
China 0.006 0.010
(1.112) (1.299)
India 0.0032 0.0062
(0.6229) (1.4921)
Indonesia 0.0224 0.0122
(1.9289) (1.9235)
South Korea 0.0016 0.0054
(0.2497) (1.0154)
Russia 0.0100 −0.0053
(0.8793) (−0.6769)
South Africa 0.0074 0.0208
(1.5952) (3.9716)
Panel C: Fama French alpha values
Country P1 P8
Brazil 0.0058 −0.0012
(0.9209) (−0.2340)
China −0.0001 0.0085
(−0.0209) (1.9270)
India −0.0007 −0.0001
(−0.1595) (−0.0273)
Indonesia 0.0053 0.0065
(0.8643) (1.0752)
South Korea −0.0049 0.0008
(−1.1043) (0.1622)
Russia −0.0028 −0.0090
(−0.2768) (−1.2581)
South Africa 0.0026 0.0184
(0.4930) (2.7304)
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Table 6 Empirical results for CSS sensitivity sorted portfolios.
We report results for the two corner portfolios, i.e., P1 and
P8, which are high and low sensitivity sorted portfolios. Panel
A reports mean unadjusted returns for the sample portfo-
lios. Panel B provides regression results where sample port-
folio returns are regressed on the market factor (CAPM
framework). In panel C we report regression results based on
the Fama French model. Returns on sample portfolios are re-
gressed on market, size, and value factors. Only alpha values
are reported in panels B and C. The alphas are measures of
abnormal returns.
Panel A: Unadjusted returns
Country P1 P8 P1-P8
Brazil 0.0307 0.0169 0.0137
(2.6581) (1.8237) (7.0620)
China 0.0304 0.0088 0.0216
(2.0207) (0.9701) (6.0388)
India 0.0159 0.0105 0.0055
(1.7376) (1.5845) (3.9709)
Indonesia 0.0302 0.0223 0.0079
(1.6682) (1.6390) (1.5010)
South Korea 0.0118 0.0122 −0.0004
(1.3048) (1.4641) (−0.2356)
Russia −0.0033 0.0145 −0.0178
(−0.2089) (0.8520) (−5.7700)
South Africa 0.0321 0.0094 0.0227
(3.9963) (1.5281) (21.3617)
Panel B: CAPM alpha values
Country P1 P8
Brazil 0.0204 0.0074
(2.6524) (1.6512)
China 0.0079 0.0026
(1.7297) (0.6777)
India 0.0059 0.0028
(1.0987) (0.8328)
Indonesia 0.0168 0.0097
(1.3486) (1.5968)
South Korea 0.0054 0.0054
(0.8450) (1.2195)
Russia −0.0032 0.0146
(−0.3447) (1.6405)
South Africa 0.0271 0.0040
(4.1092) (1.1155)
Panel C: Fama French alpha values
Country P1 P8
Brazil 0.0044 0.0034
(0.6607) (0.7336)
China 0.0037 0.0056
(0.8427) (1.2241)
India −0.0062 0.0010
(−1.2500) (0.2665)
Indonesia −0.0015 0.0027
(−0.2081) (0.5005)
South Korea −0.0045 0.0007
(−0.8215) (0.1620)
Russia −0.0081 0.0028
(−0.9314) (0.3839)
South Africa 0.0236 0.0051
(2.9018) (1.2598)
Table 7 Empirical results for cross sectional kurtosis sensi-
tivity sorted portfolios.
We report results for the two corner portfolios, i.e., P1 and P8
which are high and low sensitivity sorted portfolios. Panel A
reportsmean unadjusted returns for the sample portfolios. Panel
B provides regression results where sample portfolio returns are
regressed on the market factor (CAPM framework). In panel C
we report regression results based on the Fama French model.
Returns on sample portfolios are regressed onmarket, size, and
value factors. Only alpha values are reported in panels B and
C. The alphas are measures of abnormal returns.
Panel A: Unadjusted returns
Country P1 P8 P1-P8
Brazil 0.0259 0.0172 0.0088
(2.3786) (1.8362) (5.8212)
China 0.0278 0.0169 0.0109
(1.5709) (1.4146) (2.1353)
India 0.0189 0.0121 0.0068
(2.2561) (1.5888) (5.1201)
Indonesia 0.0245 0.0296 −0.0051
(1.6667) (1.8854) (−1.0991)
South Korea 0.0133 0.0080 0.0052
(1.5369) (0.9356) (3.2795)
Russia 0.0045 0.0039 0.0006
(0.2721) (0.2159) (0.1688)
South Africa 0.0153 0.0201 −0.0048
(2.1896) (2.8042) (−4.8091)
Panel B: CAPM alpha values
Country P1 P8
Brazil 0.0166 0.0078
(2.4536) (1.4635)
China 0.0060 0.0035
(1.3511) (0.9284)
India 0.0099 0.0034
(1.9460) (0.8389)
Indonesia 0.0123 0.0166
(1.4041) (1.8497)
South Korea 0.0066 0.0017
(1.1941) (0.3131)
Russia 0.0047 0.0041
(0.4877) (0.4075)
South Africa 0.0100 0.0150
(2.0555) (2.8245)
Panel C: Fama French alpha values
Country P1 P8
Brazil 0.0053 −0.0013
(0.8367) (−0.2461)
China 0.0039 0.0054
(0.9133) (1.1581)
India −0.0008 −0.0027
(−0.1841) (−0.7247)
Indonesia 0.0031 0.0021
(0.5137) (0.3125)
South Korea 0.0009 −0.0045
(0.1829) (−1.1307)
Russia −0.0024 −0.0056
(−0.2670) (−0.5968)
South Africa 0.0069 0.0170
(1.2750) (0.0135)
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sectional moments. Cross sectional skewness seems to be a
better security selection criterion compared to CSV and CSK.
Summary and conclusions
Previous empirical research does not show a consensus on the
relationship between idiosyncratic volatility and asset returns.
Moreover the role of cross sectional higher order moments
in predicting market returns is relatively unexplored. This
paper studies these areas in the context of the BRIICKS econo-
mies. We construct cross sectional variance of stock returns
as an alternative measure of idiosyncratic volatility (as sug-
gested by Garcia et al., 2011). This measure has the advan-
tage of being easily calculated at any frequency. Further, it
is not based on any model and therefore free from paramet-
ric biases. Another advantage of this cross sectional measure
is that it can be conveniently extended to higher order
moments.
Our empirical results show that CSV measure is highly cor-
related with alternative measures constructed as variance of
errors from the CAPM and the FF three factor model. This
ﬁnding is consistent with prior literature. We check the role
of cross sectional variance and higher order moments (cross
sectional skewness and cross sectional kurtosis) in explain-
ing market returns at monthly and daily frequencies. Our
results suggest that CSV has a signiﬁcant positive relation-
ship with market returns in some sample countries. The re-
lationship of CSS and CSK with future market returns is
normally positive (CSK in India is an exception). Further the
results appear to be stronger for the daily data compared to
monthly data which is in line with Garcia et al, 2011.
We also check if CSV, CSS, and CSK contain any informa-
tion which can be used by investors for constructing portfo-
lios. Results show that there is no consistent relationship
between CSV sensitivity and portfolio returns. Similar results
are reported for CSK sensitivity sorted portfolios. More con-
sistent results are obtained for CSS measure. High CSS sen-
sitivity sorted portfolios outperform low sensitivity sorted
portfolios in ﬁve out of seven countries. The absolute risk
premium is also generally higher for CSS sensitivity sorted
portfolios. Further asset pricing models do a good job in ex-
plaining portfolio returns with some exceptions. On risk ad-
justed basis, among the sample countries, South Africa offers
the most proﬁtable trading strategy based on CSS sorted
portfolios.
The study provides important implications for invest-
ment managers as well as researchers. The results of our study
seem to suggest that 1) Cross sectional variance helps in pre-
dicting aggregate market returns. 2) Higher order cross sec-
tional moments i.e., CSS and CSK also play a role in return
prediction. 3) The relationship between expected return and
cross sectional moments is stronger for daily data. 4) The cross
sectional moments, especially CSS, provide important infor-
mation for portfolio formation. 5) CSS sensitivity sorted port-
folios provide the best trading strategy for South Africa, which
seems to be the most attractive trading destination. The
present study contributes to asset pricing and portfolio man-
agement literature for emerging markets.
Our analysis shows different results for different sets of
countries. This may be the outcome of difference in inves-
tor behaviour. This needs further examination. Behavioural
experiments may be conducted in the sample markets to
resolve this empirical challenge.
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